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The	
  Numerical	
  Weather	
  Predic1on	
  Process	
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•  Analyses	
  and	
  forecasts	
  become	
  more	
  accurate	
  when:	
  	
  
–  ObservaQons,	
  forecast	
  model	
  and/or	
  data	
  assimilaQon	
  
components	
  improve.	
  

–  Forecast	
  model	
  carries	
  informaQon	
  from	
  past	
  observaQons.	
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What	
  is	
  Data	
  Assimila1on?	
  
The	
  processing	
  of	
  combining	
  prior	
  knowledge	
  of	
  the	
  
state	
  of	
  the	
  atmosphere	
  (a	
  previous	
  model	
  forecast)	
  
with	
  new	
  observa:ons.	
  
	
  

If	
  we	
  have	
  equal	
  confidence	
  in	
  the	
  prior	
  forecast	
  and	
  a	
  new	
  observaQon	
  
(R	
  =	
  B),	
  analysis	
  is	
  half-­‐way	
  between	
  (equal	
  weight	
  given	
  to	
  each).	
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What	
  is	
  Data	
  Assimila1on?	
  
The	
  processing	
  of	
  combining	
  prior	
  knowledge	
  of	
  the	
  
state	
  of	
  the	
  atmosphere	
  (a	
  previous	
  model	
  forecast)	
  
with	
  new	
  observa:ons.	
  
	
   	
  	
  	
  	
  	
  	
  	
  	
  Temp	
  Ob	
  

(expected	
  error	
  R)	
  
Model	
  Forecast	
  Temp	
  
	
  	
  	
  (expected	
  error	
  B)	
  

Temp	
  
Analysis	
  

If	
  we	
  have	
  less	
  confidence	
  in	
  the	
  prior	
  forecast	
  (B	
  >	
  R),	
  analysis	
  is	
  
closer	
  to	
  the	
  observaQon.	
  	
  The	
  job	
  of	
  DA	
  is	
  to	
  compute	
  the	
  weights	
  
that	
  op:mally	
  blend	
  the	
  observa:ons	
  and	
  the	
  model	
  forecast.	
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Data	
  assimila1on	
  terminology	
  
•  y	
  :	
  ObservaQon	
  vector	
  (weather	
  balloons,	
  satellite	
  

radiances,	
  etc.)	
  
•  x	
  	
  :	
  the	
  state	
  of	
  the	
  atmosphere	
  as	
  represented	
  by	
  the	
  

model	
  
•  xb	
  :	
  Background	
  state	
  vector	
  (“prior”)	
  
•  xa	
  :	
  Analysis	
  state	
  vector	
  (“posterior”)	
  
•  H	
  :	
  (hopefully	
  linear)	
  operator	
  to	
  convert	
  model	
  state	
  à	
  

observaQon	
  locaQon	
  &	
  type	
  
•  R	
  :	
  ObservaQon	
  -­‐	
  error	
  covariance	
  matrix	
  
•  Pb	
  :	
  Background	
  -­‐	
  error	
  covariance	
  matrix	
  
•  Pa	
  :	
  Analysis	
  -­‐	
  error	
  covariance	
  matrix	
  

5 



Bayesian	
  Data	
  Assimila1on	
  	
  
(assuming	
  Gaussian	
  PDFs)	
  

Assume errors in first-guess forecast 
are Gaussian, with mean xb and 
covariance Pb. 

Conditional prob of obs (y) 
given state (x), which has 
mean Hx and covariance R. 

So, substituting into Bayes Rule 
yields the conditional prob. of state 
given past observations… 
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From	
  Bayes	
  theorem	
  to	
  4DVar	
  and	
  the	
  (Ensemble)	
  Kalman	
  Filter	
  

Variational methods maximize the posterior PDF to find the state 
trajectory x that best fits the obs y in a least-squares sense. In practice, 
this is done by minimizing a cost function, which is what’s inside the exp: 

The minimum can be found analytically if H is linear (see Lorenc 1986 
QJRMS for the algebra).  This gives the equations for the Kalman Filter 

•   Matrix Pb is too big for any computer, covariance update step impractical. 

•   Instead, represent PDFs of x and y by an ensemble, compute sample estimate of 
Pb. Evolve the sample, not the full covariance.  EnKF gives same result as full KF if 
ensemble size becomes infinite. 
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Pb	
  	
  in	
  the	
  VariaQonal	
  SoluQon	
  
•  “AssimilaQon	
  window”:	
  	
  Qme	
  interval	
  that	
  
encompasses	
  observaQons	
  to	
  be	
  assimilated	
  (6	
  hours	
  
to	
  a	
  day).	
  

•  “3DVar”:	
  	
  Assume	
  Pb	
  is	
  does	
  not	
  vary	
  in	
  assimilaQon	
  
window	
  (climatological	
  esQmate).	
  

•  “4DVar”:	
  	
  Pb	
  specified	
  at	
  beginning	
  of	
  assim.	
  window,	
  
evolved	
  with	
  linearized	
  model	
  through	
  the	
  window.	
  	
  	
  
Accuracy	
  of	
  covariance	
  esQmate	
  depends	
  on:	
  
–  Accuracy	
  of	
  linear	
  model	
  (typically	
  low-­‐resoluQon	
  with	
  
very	
  simple	
  physics).	
  

–  Accuracy	
  of	
  iniQal	
  condiQon	
  (iniQal	
  Pb	
  	
  typically	
  set	
  to	
  
3DVar	
  version	
  at	
  start	
  of	
  window),	
  length	
  of	
  window.	
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Why	
  does	
  Pb	
  maGer?	
  
Example	
  1:	
  	
  Front	
  

Increment	
  (sta1c)	
   Increment	
  (flow	
  dependent)	
  

Temperature	
  observaQon	
  near	
  a	
  warm	
  front	
  

9	
  



Why	
  does	
  Pb	
  maGer?	
  
Example	
  2:	
  	
  Hurricane 

figure c/o Xuguang Wang, University of Oklahoma 10 

Flow dependant covariances in a hurricane can 
produce axisymmetric increments for a single ob. 

Increment	
  (sta1c)	
  Increment	
  (flow	
  dependent)	
  



Why	
  does	
  Pb	
  maGer?	
  
Example	
  3:	
  unobserved	
  variables	
  

Surface	
  pressure	
  observa:on	
  can	
  improve	
  analysis	
  of	
  integrated	
  water	
  vapor	
  
(through	
  flow-­‐dependent	
  cross-­‐variable	
  rela:onships).	
  	
  If	
  climo	
  weigh:ng	
  
were	
  used	
  (3DVar)	
  there	
  would	
  be	
  essen:ally	
  	
  no	
  vapor	
  increment.	
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Computa1onal	
  shortcuts	
  in	
  EnKF:	
  
(1)	
  Simplifying	
  Kalman	
  gain	
  calculaQon	
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The	
  key	
  here	
  is	
  that	
  the	
  huge	
  matrix	
  Pb	
  is	
  never	
  explicitly	
  formed	
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Computa1onal	
  shortcuts	
  in	
  EnKF:	
  
(2)	
  serial	
  processing	
  of	
  observaQons	
  (requires	
  
observaQon	
  error	
  covariance	
  R	
  to	
  be	
  diagonal)	
  

EnKF	
  
Background	
  
forecasts	
  

ObservaQons	
  
1	
  and	
  2	
  

Analyses	
  

EnKF	
  
Background	
  
forecasts	
  

ObservaQon	
  
1	
  

Analyses	
  
ajer	
  obs	
  1	
   EnKF	
  

ObservaQon	
  
2	
  

Analyses	
  

Method	
  1	
  

Method	
  2	
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The	
  serial	
  EnKF	
  –	
  a	
  recipe	
  
Given	
  a	
  	
  single	
  ob	
  yo	
  	
  with	
  expected	
  error	
  variance	
  R,	
  an	
  ensemble	
  of	
  model	
  forecasts	
  xb	
  
(model	
  priors),	
  and	
  an	
  ensemble	
  of	
  predicted	
  observaQons	
  yb	
  =	
  Hxb	
  (observaQon	
  priors):	
  
	
  	
  

	
  	
  	
  	
  Step	
  1:	
  	
  Update	
  observaQon	
  priors.	
  
	
  	
  
(1a)	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  update	
  for	
  ob	
  prior	
  means	
  
(1b)	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  rescaling	
  of	
  ob	
  prior	
  perturba:ons	
  
	
  	
  
where	
  the	
  scalar	
  K	
  =	
  var(yb)/(var(yb)+	
  R),	
  overbar	
  denotes	
  means,	
  prime	
  denotes	
  
perturbaQons,	
  superscript	
  b	
  denotes	
  prior,	
  a	
  denotes	
  analysis.	
  
	
  	
  
Linear	
  interpola7on	
  between	
  observa7on	
  and	
  observa7on	
  prior	
  mean	
  with	
  weight	
  K	
  
(0<=K<=1),	
  rescaling	
  of	
  observa:on	
  prior	
  ensemble	
  so	
  posterior	
  variance	
  is	
  consistent	
  with	
  
Kalman	
  filter,	
  i.e.	
  var(ya)=(1-­‐K)	
  var(yb)=	
  var(yb)R/(var(yb)+R).	
  
	
  	
  
when	
  var(yb)	
  <<	
  R,	
  all	
  weight	
  given	
  to	
  prior.	
  
when	
  var(yb)	
  >>	
  R,	
  all	
  weight	
  given	
  to	
  observaQon.	
  

y
a

= (1�K)y
b

+ Kyo

y
0

a =
p

(1�K)y
0

b
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The	
  serial	
  EnKF	
  –	
  a	
  recipe	
  (2)	
  

Step	
  2:	
  Update	
  model	
  priors.	
  	
  
	
  	
  
Let	
  Δx=	
  xa-­‐xb	
  be	
  analysis	
  increment	
  for	
  model	
  priors,	
  Δy=	
  ya-­‐yb	
  is	
  analysis	
  
increment	
  for	
  observaQon	
  priors.	
  
	
  	
  
(2)	
  	
  	
  	
  	
  Δx	
  =	
  GΔy	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  computa:on	
  of	
  increments	
  to	
  model	
  prior	
  
	
  	
  
where	
  G	
  =	
  cov(xb,	
  ybT)/var(yb)	
  
	
  	
  
Linear	
  regression	
  of	
  model	
  priors	
  on	
  observa7on	
  priors.	
  
	
  	
  
Only	
  changes	
  model	
  priors	
  when	
  xb	
  	
  and	
  	
  yb	
  	
  are	
  correlated	
  within	
  the	
  ensemble.	
  	
  	
  
	
  	
  
If	
  there	
  is	
  more	
  than	
  one	
  ob	
  to	
  be	
  assimilated,	
  the	
  observaQon	
  priors	
  for	
  other	
  (not	
  
yet	
  assimilated)	
  obs	
  (Yb)	
  should	
  be	
  also	
  be	
  updated	
  using	
  (2)	
  with	
  Δx	
  replaced	
  by	
  ΔY.	
  	
  
Next	
  iteraQon,	
  replace	
  yb	
  with	
  next	
  column	
  of	
  Yb,	
  removing	
  that	
  column	
  from	
  Yb.	
  	
  Ajer	
  
each	
  iteraQon	
  the	
  model	
  priors	
  and	
  observaQon	
  priors	
  are	
  set	
  to	
  the	
  latest	
  analysis	
  
values	
  (xa	
  replaces	
  xb,	
  	
  Ya	
  replaces	
  Yb).	
  ConQnue	
  iteraQng	
  unQl	
  Yb	
  is	
  empty.	
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Factors	
  limi1ng	
  EnKF	
  performance	
  
1)	
  Treatment	
  of	
  model	
  error	
  

Must	
  account	
  for	
  the	
  background	
  error	
  covariance	
  associated	
  with	
  
“model	
  error”	
  (any	
  difference	
  between	
  simulated	
  and	
  true	
  
environment).	
  	
  Methods	
  used	
  so	
  far:	
  
	
  

1)  mulQplicaQve	
  inflaQon	
  (mult.	
  ens	
  perts	
  by	
  a	
  factor	
  >	
  1).	
  
2)  addiQve	
  inflaQon	
  (random	
  perts	
  added	
  to	
  each	
  member	
  –	
  

e.g.	
  differences	
  between	
  24	
  and	
  48-­‐h	
  forecasts	
  valid	
  at	
  the	
  
same	
  Qme).	
  

3)  model-­‐based	
  schemes	
  (e.g.	
  stochasQc	
  kineQc	
  energy	
  
backscarer	
  	
  for	
  represenQng	
  unresolved	
  processes,	
  mulQ-­‐
model/mulQ-­‐parameterizaQon).	
  

Opnl	
  NCEP	
  system	
  uses	
  a	
  combina7on	
  of	
  1)	
  and	
  2).	
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Can	
  we	
  replace	
  the	
  addi1ve	
  infla1on	
  by	
  
adding	
  stochas1c	
  physics	
  to	
  the	
  model?	
  

•  Schemes	
  tested:	
  
–  SPPT	
  (stochasQcally	
  perturbed	
  physics	
  tendencies)	
  
–  SKEB	
  (stochasQc	
  KE	
  backscarer)	
  
–  VC	
  (vorQcity	
  confinement,	
  determinis:c	
  and/or	
  stochas:c)	
  	
  
–  SHUM	
  (perturbed	
  boundary	
  layer	
  humidity,	
  based	
  on	
  
Tompkins	
  and	
  Berner	
  2008,	
  DOI:	
  10.1029/2007JD009284)	
  

•  All	
  use	
  stochasQc	
  random	
  parern	
  generators	
  to	
  
generate	
  spaQally	
  and	
  temporally	
  correlated	
  noise.	
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  500	
  km	
  
6	
  h	
  

	
  1000	
  km	
  
	
  	
  	
  	
  3	
  d	
   	
  2000	
  km	
  

30	
  d	
  

Examples	
  of	
  stochas1c	
  paGerns	
  

(from	
  M	
  Leutbecher)	
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ECMWF method (SPPT) 
Stochastically Perturbed Physics Tendency 

•  Perturbed Physics tendencies 
  Xp = (1+ rµ)Xc Original physics tendencies 

µ: vertical weight:  1.0 between surface and 100 hPa, 
decays to zero between 100 hPa and 50 hPa. 
 
r: horizontal weights: range from -1.0 to 1.0, a red 
noise process with a 

•  temporal timescale of 6 hours 
•  e-folding spatial scale of 500 km 
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Stochas1c	
  boundary-­‐layer	
  humidity	
  

•  SPPT	
  only	
  modulates	
  exisQng	
  physics	
  tendency	
  (cannot	
  
change	
  sign	
  or	
  structure,	
  trigger	
  new	
  convecQon).	
  

•  Triggers	
  in	
  convecQon	
  schemes	
  very	
  sensiQve	
  to	
  BL	
  
humidity.	
  

•  VerQcal	
  weight	
  r	
  decays	
  exponenQally	
  from	
  surface.	
  
Added	
  every	
  Qme	
  step	
  ajer	
  physics	
  applied.	
  Random	
  
parern	
  μ	
  has	
  a	
  (very	
  small)	
  amplitude	
  of	
  0.0015,	
  
horizontal/temporal	
  scales	
  same	
  as	
  SPPT.	
  	
  

qperturbed = (1+ rµ)q
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Stochas1c	
  Kine1c	
  Energy	
  BackscaGer	
  

•  Algorithm	
  described	
  in	
  Shurs	
  (2005),	
  Berner	
  
et	
  al	
  (2009)	
  
– Designed	
  to	
  represent	
  the	
  effects	
  of	
  dissipated	
  
moQons	
  near	
  truncaQon	
  scale	
  on	
  resolved	
  
moQons.	
  

– Random	
  parerns	
  are	
  modulated	
  by	
  amplitude	
  of	
  
KE	
  dissipaQon	
  (numerical,	
  possibly	
  other	
  sources	
  
like	
  convecQon	
  –	
  we	
  only	
  consider	
  numerical	
  
dissipaQon	
  here).	
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Vor1city	
  confinement	
  
(Sanches,	
  Williams	
  and	
  Shurs,	
  2012	
  QJR	
  doi	
  10.1002)	
  

Slide 22

Formulation:

Representing model uncertainty workshop June 2011    Glenn Shutts Slide 22

n̂

contours

k̂

VC force

n̂ acts as an advective
velocity k̂

Slide 22

Formulation:

Representing model uncertainty workshop June 2011    Glenn Shutts Slide 22

n̂

contours

k̂

VC force

n̂ acts as an advective
velocity k̂

Figure 5: Vorticity confinement computation(from left to right): the velocity field w4 and the scalar quantity of vorticity (yellow), the
normalized gradient of the vorticity, the confinement forces

for the spatial discretization and reduces the confinement force
fcon f for finer grids. In my implementation I use a dimensionless
grid spacing of 1.0 for all grid sizes, so this factor would have no
influence at all and is therefore not included in equation 11 (Stein-
hoff [Steinhoff and Underhill 1994] also neglects this term). The ε
factor controls the amount of small scale detail added to the velocity
field.

In Figure 5 (screenshot taken from the flowanim demo) I dis-
play the magnitude of the vorticity |ω| as a scalar field with inten-
sities of yellow to visualize the heightfield (overlayed by the veloc-
ity field w4). The vector field in the middle shows the normalized
gradient field N and the field on the right shows the vorticity con-
finement forces, pointing from red to blue. These quantities are
animated in real time with the rest of the simulation and can be
examined at any time to estimate the proper ε factor for visually
pleasing results. The higher the ε factor is set, the smaller and more
localized the vortices become. This can diverge for too high ε set-
tings (which is also dependent on the timestep and machine speed)
and leads to quite interesting, highly turbulent visuals (Figure 3 was
created using the turbulence resulting from a very high confinement
forces).

Figure 6: Two frames of animation from two mpeg movies created
using flowanim and mpeg2encode. Both frames depict the 60th
frame of the movie. The left animation is created without vorticity
confinement, the one on the right with vorticity confinement and a
relatively high force factor

Figure 6 shows the results of vorticity confinement in animating
a simple smoke scene. In this case, the confinement force factor
was set to 0.5 (with a timestep of 0.6 and a gridsize of 256×256 on
a pentium III 1GHz with GeForce2 GTS), which results in strong
turbulence and lots of small scale detail compared to the left image

without vorticity confinement. Both animations were created using
identical initial force and smoke density configurations and each
screenshot resembles the same frame of animation (the 60th frame
in both cases).

6 Controlling the Smoke and Making
Movies

The control in my demo flowanim is keyboard/mouse driven. The
easiest way to set up a good control scheme is to pause the simula-
tion, inject matter and forces into the static grid, save the initial con-
figuration and then play it back, altering the settings for timestep,
viscosity, dissipation and confinement force until the desired smoke
animation is achieved. I have tried this with varying grid sizes, and
on my test machine (a pentium III 1GHz with GeForce2 GTS) the
framerates are still interactive up to a grid size of 256×256 with a
framerate of approximately 3 frames per second (this is only possi-
ble when all other visualization windows for the velocity field and
vorticity computation are disabled). The stills in Figure 7 are all
created using the method described above.

To create mpeg movies of the smoke animations I have added a
screenshot functionality to flowanim which flushes out a sequence
of ppm images. These I then feed to mpeg2encode 1 to create an
mpeg video sequence. Additionally, each still ppm image wraps and
can therefore be used as a seamlessly tiling texture for an arbitrary
mesh.

7 Results and Possible Extensions

The animation stills in Figure 7 show the increased visual real-
ism added by tweaking the amount of vorticity confinement force
added. But even if realism is not what the animator desires, by set-
ting the confinement force factor to values beyond simulation sta-
bility, the field tends to exhibit an unnatural yet visually interesting
amount of turbulence which can still be controlled by the animator
(to a certain degree). In Figure 7 this effect is already introduced
in the far right column where, physically, “too much” small scale
detail is added, leading to a more “comic” like effect (which can be
interesting and useful in some cases).

Due to certain time constraints and the reduced scope of this
project I didn’t implement some interesting extensions to the soft-
ware. Some of these are

1http://www.mpeg.org/MPEG/MSSG/

ε	
  can	
  be	
  a	
  constant	
  (determinsQc	
  VC)	
  or	
  a	
  random	
  
parern	
  (stochasQc	
  VC)	
  or	
  a	
  combinaQon	
  of	
  both.	
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Addi1ve	
  noise	
  vs	
  stochas1c	
  physics	
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Addi1ve	
  noise	
  vs	
  stochas1c	
  physics	
  



Factors	
  limi1ng	
  EnKF	
  performance	
  
2)	
  Treatment	
  of	
  sampling	
  error	
  (localiza7on)	
  

• 	
  All	
  EnKF	
  implementaQons	
  localize	
  the	
  spaQal	
  impact	
  of	
  
observaQons	
  on	
  the	
  model	
  state.	
  
• 	
  Done	
  by	
  spaQally	
  modulaQng	
  covariance	
  between	
  obs.	
  prior	
  
and	
  model	
  state,	
  or	
  by	
  only	
  using	
  observaQons	
  ‘close’	
  to	
  a	
  model	
  
state	
  variable	
  to	
  update	
  that	
  variable.	
  
• 	
  Needed	
  to	
  account	
  for	
  low	
  rank	
  of	
  ensemble	
  (compared	
  to	
  
model	
  state).	
  
• 	
  Methods	
  used	
  currently	
  are	
  not	
  flow	
  dependent,	
  and	
  assume	
  
there	
  is	
  no	
  sampling	
  error	
  at	
  ob	
  locaQon.	
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Covariance	
  localiza1on	
  
•  AMSUA_n15	
  channel	
  6	
  radiance	
  
at	
  150E,-­‐50S.	
  	
  

•  Increment	
  to	
  level	
  30	
  (~310mb)	
  
temperature	
  for	
  a	
  1K	
  O-­‐F	
  for	
  
40,80,160,320	
  and	
  640	
  ens	
  
members	
  with	
  no	
  localizaQon.	
  	
  	
  	
  

•  Ens	
  generated	
  by	
  running	
  with	
  
stochasQc	
  physics	
  from	
  
operaQonal	
  analysis.	
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Covariance	
  Localiza1on	
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Localized	
  covariances	
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Ver1cal	
  localiza1on	
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Ensemble-­‐Var	
  methods:	
  nomenclature	
  

•  En-­‐4DVar:	
  	
  Use	
  EnKF	
  to	
  propagate	
  Pb	
  from	
  one	
  
assimilaQon	
  window	
  to	
  the	
  next	
  (replace	
  staQc	
  Pb	
  with	
  
EnKF	
  esQmate	
  of	
  Pb	
  at	
  start	
  of	
  4DVar	
  window).	
  

•  4D-­‐EnVar:	
  	
  Pb	
  	
  at	
  every	
  Qme	
  in	
  the	
  assim.	
  window	
  
comes	
  from	
  ensemble	
  esQmate	
  (linear	
  model	
  no	
  
longer	
  used).	
  

•  As	
  above,	
  with	
  hybrid	
  	
  in	
  name:	
  	
  Pb	
  	
  is	
  a	
  linear	
  
combinaQon	
  of	
  staQc	
  and	
  ensemble	
  components.	
  

•  3D-­‐EnVar:	
  	
  same	
  as	
  4D	
  ensemble	
  Var,	
  but	
  Pb	
  is	
  
assumed	
  to	
  be	
  constant	
  through	
  the	
  assim.	
  window	
  
(current	
  NCEP	
  implementaQon).	
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Why	
  combine	
  EnKF	
  and	
  Var?	
  
Features	
  from	
  EnKF	
   Features	
  from	
  Var	
  
Can	
  propagate	
  Pb	
  from	
  across	
  
assimilaQon	
  windows	
  

Treatment	
  of	
  sampling	
  error	
  in	
  
ensemble	
  Pb	
  	
  esQmate	
  does	
  not	
  
depend	
  on	
  H.	
  

More	
  flexible	
  treatment	
  of	
  
model	
  error	
  (can	
  be	
  treated	
  in	
  
ensemble)	
  

Dual-­‐resoluQon	
  capability	
  –	
  can	
  
produce	
  a	
  high-­‐res	
  “control”	
  	
  
analysis.	
  	
  	
  

AutomaQc	
  iniQalizaQon	
  of	
  
ensemble	
  forecasts.	
  

Ease	
  of	
  adding	
  extra	
  constraints	
  
to	
  cost	
  funcQon,	
  including	
  a	
  
staQc	
  Pb	
  	
  component.	
  
	
  

Pb	
  esQmated	
  with	
  a	
  much	
  
berer	
  model	
  (full	
  fcst	
  model)	
  

No	
  sampling	
  error	
  in	
  evoluQon	
  
of	
  Pb	
  within	
  assim.	
  window	
  
(when	
  TLM	
  is	
  used)	
   31	
  



Current	
  implementa1ons	
  
•  NCEP	
  uses	
  hybrid	
  3D-­‐EnVar	
  (since	
  May	
  2012),	
  with	
  80	
  

member	
  ESRL/PSD	
  serial	
  EnKF	
  implementaQon.	
  	
  ¼	
  staQc,	
  ¾	
  
ensemble	
  Pb.	
  

•  UKMet	
  uses	
  hybrid	
  En-­‐4DVar	
  (DOI:	
  10.1002/qj.2054)	
  since	
  
late	
  2011,	
  with	
  23	
  member	
  Ensemble-­‐transform	
  Kalman	
  
Filter	
  (ETKF).	
  ½	
  staQc	
  and	
  ½	
  ensemble	
  in	
  Pb.	
  	
  Will	
  be	
  
switching	
  to	
  4D-­‐EnVar.	
  

•  Env	
  Canada	
  uses	
  hybrid	
  4D-­‐EnVar	
  (since	
  mid	
  2013),	
  with	
  
192	
  member	
  EnKF	
  with	
  ½	
  staQc	
  and	
  ½	
  ensemble.	
  

•  ECMWF	
  uses	
  ensemble	
  of	
  low-­‐res	
  4DVar	
  analyes	
  to	
  define	
  
diagonal	
  elements	
  of	
  Pb	
  	
  in	
  higher-­‐res	
  4DVar	
  with	
  12-­‐h	
  
window.	
  	
  Moving	
  to	
  very	
  long	
  window	
  (2-­‐3	
  days)	
  to	
  
improve	
  esQmate	
  of	
  Pb.	
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EnKF	
  
member	
  update	
  

member	
  2	
  	
  
analysis	
  

high	
  res	
  
forecast	
  

GSI	
  
Hybrid	
  Ens/Var	
  

high	
  res	
  
analysis	
  

member	
  1	
  	
  
analysis	
  

member	
  2	
  	
  
forecast	
  

member	
  1	
  	
  
forecast	
  

recenter	
  analysis	
  ensem
ble	
  

NCEP	
  hybrid	
  3D-­‐EnVar	
  

member	
  3	
  	
  
forecast	
  

member	
  3	
  	
  
analysis	
  

T2
54

L6
4	
  

T5
74

L6
4	
  

Generate	
  new	
  ensemble	
  
perturba1ons	
  given	
  the	
  
latest	
  set	
  of	
  observa1ons	
  
and	
  first-­‐guess	
  ensemble	
  

Ensemble	
  contribu1on	
  to	
  
background	
  error	
  

covariance	
  
Replace	
  the	
  EnKF	
  

ensemble	
  mean	
  analysis	
  
and	
  inflate	
  

Previous	
  Cycle	
   Current	
  Update	
  Cycle	
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500mb	
  Anomaly	
  Correla1on	
  
pre-­‐implementa1on	
  real	
  1me	
  

HYBRID	
  
3DVAR	
  	
  

HYBRID	
  
3DVAR	
  	
  



4D-­‐EnVar	
  vs	
  3D-­‐EnVar	
  (and	
  3DVar)	
  
courtesy	
  D.	
  Kleist	
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Northern	
  Hemisphere	
   Southern	
  Hemisphere	
  

4DHYB-­‐3DHYB	
  

3DVAR-­‐3DHYB	
  

Move	
  from	
  3D	
  Hybrid	
  (current	
  operaQons)	
  to	
  Hybrid	
  4D-­‐EnVar	
  yields	
  
improvement	
  that	
  is	
  about	
  75%	
  in	
  amplitude	
  in	
  comparison	
  from	
  going	
  to	
  
3D	
  Hybrid	
  from	
  3DVAR.	
  

4DHYB	
  -­‐-­‐-­‐-­‐	
  
3DHYB	
  -­‐-­‐-­‐-­‐	
  
3DVAR	
  -­‐-­‐-­‐-­‐	
  

4DHYB	
  -­‐-­‐-­‐-­‐	
  
3DHYB	
  -­‐-­‐-­‐-­‐	
  
3DVAR	
  -­‐-­‐-­‐-­‐	
  



500	
  hPa	
  Day	
  5	
  Time	
  Series	
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Northern	
  Hemisphere	
   Southern	
  Hemisphere	
  

Again,	
  going	
  from	
  3D	
  to	
  4D-­‐hybrid	
  yields	
  improvement	
  at	
  day	
  5	
  
similar	
  (not	
  quite	
  as	
  large	
  in	
  SH)	
  to	
  what	
  was	
  seen	
  in	
  going	
  
from	
  3DVAR	
  to	
  3D-­‐hybrid	
  

-­‐-­‐-­‐	
  4DHYB	
  	
  	
  	
  0.849	
  
-­‐-­‐-­‐	
  3DHYB	
  	
  	
  	
  0.839	
  
-­‐-­‐-­‐	
  3DVAR	
  	
  	
  	
  0.824	
  

-­‐-­‐-­‐	
  4DHYB	
  	
  	
  	
  0.847	
  
-­‐-­‐-­‐	
  3DHYB	
  	
  	
  	
  0.841	
  
-­‐-­‐-­‐	
  3DVAR	
  	
  	
  	
  0.834	
  



Time	
  Evolu1on	
  of	
  Increment:	
  	
  
hybrid	
  4D-­‐EnVar	
  vs	
  En-­‐4DVar	
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t=-­‐3h	
  

t=0h	
  

t=+3h	
  

En4DVar	
   4DEnVar	
  

SoluQon	
  at	
  beginning	
  of	
  window	
  
same	
  to	
  within	
  round-­‐off	
  (because	
  
observaQon	
  is	
  taken	
  at	
  that	
  Qme,	
  
and	
  same	
  weighQng	
  parameters	
  
used)	
  
	
  
	
  
EvoluQon	
  of	
  increment	
  qualitaQvely	
  
similar	
  between	
  dynamic	
  and	
  
ensemble	
  specificaQon	
  
	
  
	
  
**	
  Current	
  linear	
  and	
  adjoint	
  
models	
  in	
  GSI	
  are	
  computaQonally	
  
impracQcal	
  for	
  use	
  in	
  4DVAR	
  other	
  
than	
  simple	
  single	
  observaQon	
  
tesQng	
  at	
  low	
  resoluQon	
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Single	
  Observa1on	
  (-­‐3h)	
  Example	
  
for	
  4D	
  Variants	
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4DVAR 

H-En4DVar 
βf

-1=0.25 
H-4DEnVar 
βf

-1=0.25 

4DEnVar 



Summary	
  
•  Improvements	
  in	
  analysis	
  quality	
  in	
  NWP	
  over	
  
the	
  last	
  20	
  years	
  have	
  resulted	
  mainly	
  from:	
  
–  Improvements	
  to	
  forecast	
  model.	
  
–  Improving	
  Pb	
  esQmates	
  using	
  4D-­‐Var	
  and	
  ensembles.	
  

•  Further	
  improvements	
  to	
  come	
  via:	
  
– Larger	
  ensembles.	
  
– Berer	
  treatment	
  of	
  model	
  and	
  sampling	
  error.	
  
– Methods	
  to	
  deal	
  with	
  non-­‐Gaussian	
  error	
  staQsQcs	
  
(from	
  e.g.	
  feature	
  displacement,	
  monotonicity).	
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Extra	
  slides	
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What	
  if	
  ob	
  errors	
  are	
  correlated?	
  
(R	
  not	
  diagonal)	
  

Either	
  thin	
  obs	
  so	
  that	
  they	
  are	
  space	
  far	
  enough	
  
apart	
  so	
  that	
  errors	
  are	
  uncorrelated,	
  or….	
  

•  Diagonalize	
  R	
  =	
  STΩS,	
  where	
  Ω	
  is	
  diagonal.	
  
•  Replace	
  H	
  with	
  G=HS.	
  
•  Replace	
  Yb	
  with	
  Zb=SY,	
  yo	
  with	
  zo=Syo,	
  R	
  with	
  Ω.	
  
•  Assimilate	
  obs	
  serially	
  in	
  this	
  transformed	
  space.	
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LETKF	
  Algorithm	
  

Ob	
  error	
  in	
  local	
  volume	
  is	
  increased	
  as	
  a	
  func:on	
  of	
  distance	
  from	
  red	
  dot,	
  
reaching	
  infinity	
  at	
  edge	
  of	
  circle.	
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Relaxa1on	
  To	
  Prior	
  Spread	
  (RTPS)	
  Infla1on	
  
Described	
  in	
  DOI:	
  	
  10.1175/MWR-­‐D-­‐11-­‐00276.1	
  

	
  
Inflate	
  posterior	
  spread	
  (std.	
  dev)	
  σa	
  	
  back	
  toward	
  prior	
  
spread	
  σb	
  
	
  

Equivalent	
  to	
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